Understanding the factors shaping species' distributions is a key longstanding topic in ecology with unresolved issues. The aims were to test whether the relative contribution of abiotic factors that set the geographical range of freshwater fish species may vary spatially and/or may depend on the geographical extent that is being considered. The relative contribution of factors, to discriminate between the conditions prevailing in the area where the species is present and those existing in the considered extent, was estimated with the instability index included in the R package SPEDInstabR. We used 3 different extent sizes: 1) each river basin where the species is present (local); 2) all river basins where the species is present (regional); and 3) the whole Earth (global). We used a data set of 16,543 freshwater fish species with a total of 845,764 geographical records, together with bioclimatic and topographic variables. Factors associated with temperature and altitude show the highest relative contribution to explain the distribution of freshwater fishes at the smaller considered extent. Altitude and a mix of factors associated with temperature and precipitation were more important when using the regional extent. Factors associated with precipitation show the highest contribution when using the global extent. There was also spatial variability in the importance of factors, both between species and within species and from region to region. Factors associated with precipitation show a clear latitudinal trend of decreasing in importance toward the equator.
The geographical area where a species is distributed is a complex expression of its ecology and evolutionary history (Brown 1995) , being determined by several factors that interact dynamically and with different strengths at different scales (Gaston 2003; Pearson and Dawson 2003) . Four main classes of factors determine areas in which a species is found: abiotic and biotic factors, the regions that are accessible to dispersal by the species from some source area, and the evolutionary capacity of populations of the species to adapt to new conditions (Soberó n and Peterson 2005) . In this context, the estimation of the factors correlated with the distribution of organisms is the necessary first step to infer the possible mechanisms able to explain why the location, shape, extent, and boundaries of species' ranges are as they are (Van de Pol et al. 2016) , as well as to project the probable distribution of species in absence of exhaustive distribution information (Peterson et al. 2011 ). The explanatory variables for these purposes are generally established by examining the relationships between their values and the abundance, density, cover or presence/absence data in the case of individual species. In these studies both the information of the predictors and of the response variable come from different localities, which are managed in a "global" way independently of their spatial location. Following Ramó n Margalef (1968) we could say that species "do not dance on the head of a pin" and those simple stationary and isotropic global models cannot represent appropriately the complex nature of the relations between environmental conditions and species occurrences, which may differ spatially.
The spatial variation in the weights of a predictor has been estimated, for example by examining the change in the explanatory capacity of a variable across distance classes or resolutions (SteffanDewenter et al. 2002; Chust et al. 2004 ), a particularly important issue in the case of freshwater fishes (Radinger et al. 2015) , due to the linear dependence of local characteristics. However, it is the statistical technique geographically weighted regression (GWR) that has been used in ecology to estimate the local influence of a predictor variable when its relevance varies spatially (Osborne and SuarezSeoane 2002; Foody 2004; Bickford and Laffan 2006; Holloway and Miller 2015) . GWR can calculate local regression coefficients of each explanatory variable considering subsamples of neighbors, which are weighted differently by their distance to the focal point (see Fotheringham et al. 2002) . Although having many advantages, GWR is computer-intensive, difficult to apply in the case of binary response variables (presence-absence), and subjected to the same requirements of ordinary least squares regressions.
The selection of the most relevant environmental variables is key in the so-called species distribution models (SDMs) or ecological niche models (ENMs), in which environmental characteristics of the localities in which a species is observed are used as predictors to account for species occurrences (Peterson et al. 2011) . As reliable absence information about species is generally lacking and difficult to obtain, the selection of the variables with a higher probability of being influential in predicting the distribution of species can be carried out by comparing the environmental values in the occurrence localities (use or presences) against those existing in the selected territory (availability or background absences). This is the classic procedure used in the resource selection functions (Johnson 1980) to recognize the environmental predictors that contribute most to explain the preferences of the species. These use/availability or presence/background absence comparisons are rarely carried out considering the non-stationary nature of the species occurrenceenvironment relationships; that is, the lack of constancy of these relationships across the geography. Mcnew et al. (2013) is the first and unique study that we know using a logistic GWR in the context of a use-availability scheme.
An instability index that does not require normalized data has been proposed recently to discriminate the variables with a higher likelihood of being relevant for presence/background absence data (Guisande 2016; Guisande et al. 2016) . Here, this instability index is used to examine and visualize the spatial variation in the comparative importance of a high number of continuous predictors, thus showing the anisotropic and non-stationary character of predictors. Worldwide freshwater fish species data are used to exemplify the capacity of the proposed procedure to describe the comparative relevance of temperature and precipitation variables in explaining species distributions at different scales as well as showing their contrasting non-stationary character.
Material and Methods

Estimation of the relative contribution of factors to species' distribution
The relative contribution of the selected explanatory variables on the distribution of each one of the species was estimated with the recently proposed instability index implemented in the R package SPEDInstabR (Guisande 2016; Guisande et al. 2016 ; see help manual in Guisande 2016 , https://cran.r-project.org/web/packages/ SPEDInstabR/SPEDInstabR.pdf), which is based on the fluctuation index of Dubois (1973) modified by Guisande et al. (2006 Guisande et al. ( , 2011 . This instability index has been designed to improve the correct identification of the variables controlling species distributions, when these are continuous and difficult to normalize. To do that, the SPEDInstabR application of RWizard ) allows the reliable identification of the environmental factors that better discriminate between the conditions prevailing in presence locations, against those in the geographical background or area over which a study was carried out. Once selected, these variables can be used to estimate the probable and potential occurrence of the species from fragmentary data (Pelayo-Villamil et al. 2012; Lobo 2016) but also for other purposes as estimating the variables with a higher probability of being relevant to explain the distribution of species.
The variables selected are divided into quantiles or bins decided by the user (the default is 30), which divide the values of each variable into groups with the same number of observations. Both the number of observations (cells) in the selected geographical background belonging to each bin for the considered variable and the number of presence observations in each bin is calculated. For each of the considered bins, the relative frequency of the environmental variable data as well as that of presence observation are then used to calculate an index of instability (I). I is a modification of the fluctuation index (Guisande et al. 2006) as:
where n is the number of environmental variables, i is the number of intervals or bins, p zj is the relative proportion, considering all variables and intervals, of the absolute difference between the interval j of the variable z obtained in the cells where the species is present (I zjp ) and the cells of the whole GB (I zje ), and p zj is the reference state that is calculated as the mean of all the p zj values. If I zjp and I zje are the same, as zero values cannot be included in the algorithm, the minimum instability value is assigned that is obtained for this species.
For each environmental variable, a peak of instability is observed for a bin when there are important differences in the relative frequency of the cells with presence data compared with those of the geographical background, thus suggesting that some values of this variable seem to be preferred by the species. Once the instability index is calculated for each species, the values are standardized to a range between 0 and 1, being thus possible to estimate the percentage of contribution of each environmental variable to the complete index value. Those environmental variables with a higher percentage of contribution to the instability index are those with the highest capacity of discrimination between areas of presence and the geographical background.
Geographical extent
Due to the importance of the selected geographical extent both in the results and in the discrimination capacity of SDMs (Barve et al. 2011; Acevedo et al. 2012; Niamir et al. 2016 ), 3 progressively widening extents were used to determine the comparative importance of environmental predictors. The more restricted used extent (E1) is delimited as each one of the river basins of level 2 (Gonzá lez-Vilas et al. 2016), where there are observations of each species. Thus, if a species has presence data in 3 different basins of level 2, the contribution of predictors is individually estimated for each basin. The rationale to use this geographical extent is that basins would encompass the set of accessible localities for each species, and that the comparative relevance of each environmental predictor will be better determined when the effect of dispersal limitations are minimized (Peterson et al. 2011; Acevedo et al. 2012 ). The geographical extent that follows includes all those river basins of level 2 where the species is present (E2); that is, assuming that all the presence localities are accessible and connected, even if they belong to different basins. Finally, the whole Earth (E3) was also used as a geographical extent. The number of intervals in which each factor is divided to compare the conditions in presence localities versus the selected geographical extent was the default option in SPEDInstabR.
Origin of freshwater fish species data
The data set of geographical records for freshwater fishes developed by Pelayo-Villamil et al. (2015) was updated to reflect the taxonomic changes and new species described until the end of April 2016. Online Appendix 1 shows a detailed description of all sources obtained from the Global Biodiversity Information Facility (GBIF) used in this data set, and other sources used such as web pages, museums, etc. are described in Pelayo-Villamil et al. (2015) . Records were downloaded and filtered using the data cleaning facilities available in the ModestR software (García-Roselló et al. 2013 , 2015 : 1) records with the same latitude and longitude were not included; 2) records with the latitude and longitude 0 were not included; 3) duplicated records were not included; and 4) habitat data cleaning (see García-Roselló et al. [2014] for details). At the end of April 2016, 16,543 species of freshwater fishes were recognized as valid by systematists and are available in IPez (http://www. ipez.es, Guisande et al. 2010) , so this taxonomic list of species was used in our study. Of these, 16,479 species (99.6% of the total) have associated geographical information for a total of 845,764 geographical records (without duplication). From species with distribution information (with available geographical records), in the extent E1 only those species with more than 30 records were considered (1,124 species with a total of 732,604 geographical records). In the case of the extents E2 and E3, we used in our study only those species with more than 100 records (846 freshwater fish species with a total of 723,874 geographical records; see Online Appendix 2 for detailed description of the species included in the analysis).
Used environmental variables
From the 19 bioclimatic variables of the WorldClim data set for all the Earth's terrestrial area (Hijmans et al. [2005] , see the acronyms in the web site http://www.worldclim.org/bioclim), we firstly select those with a variance inflation factor (VIF) lower than 20. VIF quantify the multicollinearity of predictors (Dormann et al. 2013 ) and in our case this value was selected in order to eliminate the variables showing the most severe multicollinearity. We used this unusual high VIF threshold to only eliminate those highly correlated environmental variables in order to maximize the differences in the selected predictors when the considered extent varies. As consequence, the following 10 bioclimatic variables were finally selected: annual mean temperature (BIO1), mean diurnal range (BIO2), isothermality (BIO3), temperature seasonality (BIO4), mean temperature of wettest quarter (BIO8), annual precipitation (BIO12), precipitation of driest month (BIO14), precipitation seasonality (BIO15), precipitation of warmest quarter (BIO18), and precipitation of coldest quarter (BIO19). We also used other variables (see Pelayo-Villamil et al. 2015) , such as human population density (number of people per km 2 in year 2000), slope (topographic slope in degrees), slope-aspect (which is defined as the compass direction to which a slope faces measured in degrees), altitude (meters), vegetation index (VI), terrestrial primary production (TPP, g C m À2 d
À1
), and TH24 (topographic heterogeneity calculated for the 24 surroundings cells, see Pelayo-Villamil et al. 2015) . We therefore used both direct and indirect variables (Austin 2007) probably related with unconsidered ones, such as solar radiation, river flow, etc.
Human population density comes from a globally consistent, spatially explicit map based on the Gridded Population of the World dataset, Version 3 (GPWv3). To develop the global data set, national population data are transformed from their native spatial units, which are usually administrative (such as state or countylevel) and of varying resolutions to a global grid of quadrilateral, latitude-longitude cells at a resolution of 2.5 arc min, and then downscaled to 6 arc min. A proportional allocation gridding algorithm, utilizing more than 300,000 national and sub-national administrative units, is used to assign population values to the 1-degree grid cells. Population densities show the number of humans per square kilometer, based on census data available in 2000 and with estimates when necessary to fill in missing or incomplete data.
The source for slope and aspect comes from combining data from NASA's Shuttle Radar Topography Mission covering the land surface from 60 south to 60 north. The data for the rest of the all river basins where the species is present (E2); and iii) the complete world as extent (E3). The limit of the bars indicates the minimum and maximum, the limit of the box indicates the first and third quartile, and the points are the outliers. If the notches of 2 groups do not overlap it seems to be an evidence that the 2 medians differ. BIO1, annual mean temperature; BIO2, mean diurnal range; BIO3, isothermality; BIO4, temperature seasonality; BIO8, mean temperature of wettest quarter; BIO12, annual precipitation; BIO14, precipitation of driest month; BIO15, precipitation seasonality; BIO18, precipitation of warmest quarter; BIO19, precipitation of coldest quarter; number of people per km 2 , Pop, population density; topographic slope in degrees, slope; slope-aspect (which is defined as the compass direction to which a slope faces measured in degrees); altitude (meters); VI, vegetation index; TPP, terrestrial primary production in g C m À2 d À1 ; and TH24, topographic heterogeneity calculated for the 24 surroundings cells.
NASA's Terra satellite. Specifically, monthly data of terrestrial net primary productivity and VI from 2001 to 2010 were obtained by averaging available information for each pixel of selected variables using the statistical software RWizard . A negative value means decomposition or respiration exceeded carbon absorption; in other words, more carbon was released into the atmosphere than was absorbed by the plants. We also include the VI as a productivity variable. This variable represents a measure of the greenness of Earth's landscapes.
All these variables were included in the analyses at a resolution of 5 0 Â 5 0 (%100 km 2 ). The use of the same resolution for the different extents may be influencing the provided results but conversely using different resolutions may complicate the estimation of the effect that we try to measure (the extent) as showed by other authors (Gillingham et al. 2012) .
Results
At the more restricted extent (E1), variables associated to temperature (BIO8, BIO1, BIO3, and BIO4) and the altitude were the factors with the highest relative contribution to explain the distributions of each individual freshwater fish species (Figure 1 upper panel). Altitude and a mix of factors both associated with temperature (BIO1 and BIO4) and precipitation (BIO19, BIO12, and BIO14) become important factors at E2 (regional extent; see medium panel in Figure 1 ). Lastly, some variables associated with precipitation (BIO19, BIO14, BIO12, and BIO18) were those that had the highest contributions when using the world as extent (E3; lower panel in Figure 1 ). Therefore, the contribution of the factors associated with precipitation seems to increase with the size of the considered extent, while the contribution of the factors associated with temperature variables increased as the size of the extent decreases.
The differences in the frequency of presence cells along each variable gradient versus the frequency of the cells at the selected extent can be geographically represented (Figure 2) . The results for the E2 situation were described, although the patterns were similar for the E1 and E3 extents (shown in Online Appendix 3, Figure A3 .5 for E1 and Figure A3 .6 for E3). Thus, presence cells seem to be comparatively more frequent at lower altitudes (<250 m) and less frequent, at altitudes from 300 m to 2,000 m, than the frequencies of the cells of the E2 geographical extent (Figure 2) . At higher altitudes (>2,000 m) both frequencies seem to be similar. In the case of annual mean temperatures (BIO1), presence cells were less frequent until 13
C, approximately, but more frequent at temperatures from 13 C to 22 C (Figure 2 ). The frequencies of presence cells were higher at intermediate values of temperature seasonality (BIO4), but freshwater species seem to avoid areas with high temperature seasonality (Figure 2 ). In the case of BIO12 (annual precipitation), the frequencies of presence cells were lower than those of the geographical extent in places with <1,200 mm, approximately, but higher at greater precipitation values. Both the precipitation of the driest month (BIO14) and the precipitation of the coldest quarter (BIO19) showed a similar pattern (Figure 2) , with the frequencies of the presence cells being lower at lower values and higher at intermediate values than the frequencies of cells at the considered extent. The spatial variability in the relative contribution of each factor, both for all species (mean contribution) and single species, show that the same variable may exercise a different influence depending on the geographical location and the considered extent (Figure 3  upper panel) . This spatial variability can be observed in all the considered environmental variables (not shown). In fact, a clear latitudinal gradient can be observed in the variation of the percentage of contribution of some variables, which may vary depending on the considered extent (i.e., BIO14 and BIO19 see Figure 4 ). The contribution of an indirect variable such as altitude seems to be highly dependent on the considered extent, although is generally lower at the higher latitudes of the southern hemisphere. The contribution of annual mean temperature was rather homogeneous and erratic (Figure 4) , while the variation in the contribution of precipitation variables (i.e., BIO19 and BIO14 in Figure 4) show a clear pattern. Tropical and subtropical basins were significantly less influenced by precipitation variables than northernmost and southernmost highlatitude basins. Interestingly, in the northern hemisphere the contribution of precipitation variables seems to be higher when the considered extent increases.
Discussion
In this study, we were able to demonstrate that the identification of the factors accounting for the distribution range of the species clearly depend on the extent to which these relationships are examined, a topic which has long been hypothesized (MacArthur 1972; Wiens 2015) and that only recently has been considered fundamental to correctly estimate the predictor functions relating species occurrences with environmental variables (Barve et al. 2011; Acevedo et al. 2012 ). Our study also shows that the influence of explanatory variables changes spatially in a non-stationary way, as demonstrated in other studies (Osborne and Suarez-Seoane 2002; Foody 2004; Bickford and Laffan 2006; Hortal et al. 2011; Mcnew et al. 2013; Holloway and Miller 2015) . In our study, altitude is an important factor that influences the smaller considered extent distribution patterns, but not at global extents. Factors associated to temperature are also important at local extent, whereas factors associated with precipitation seem to be more important at global extents. Moreover, the relative contribution of factors to explain the distribution of freshwater fish species varies from region to region, due partially to the different species present in each area, but mainly due to the spatial variation in the importance of the factors accounting for freshwater species' distributions. This spatial variability in the importance of environmental factors has been formerly documented in the case of fishes (Windle et al. 2010; Radinger et al. 2015) . Here, a latitudinal and geographical gradient in the importance of abiotic factors has been shown. The frequency distribution of presence data compared with those existing in the occupied basins (Figure 2 ) is in agreement with classic environmental gradients (Griffiths et al. 2014) : the frequency of occurrence of freshwater fishes diminishes at temperatures below 13 C and precipitations lower than 1,200 mm, approximately.
However, freshwater fishes in tropical and subtropical basins are comparatively less influenced in their distributions by precipitation variables than those located in northernmost and southernmost high-latitude basins. Interestingly, in the northern hemisphere the contribution of precipitation variables seems to be higher when the considered extent increases, so that precipitation variables increase in importance at higher latitudes, both south and north, although this latitudinal trend is more or less pronounced depending on the extent considered. Thus, when the variability in the climatic conditions is minimized by considering only a geographical background limited to the basins in which a species occurs, the comparative relevance of precipitation variables in explaining occurrence and distribution seems to be higher than that of temperature under temperate conditions. We may hypothesize that the higher levels of annual precipitation in tropical and subtropical basins suggest that precipitation is not a limiting factor in these areas, so its effect on fish distribution is not as important as in higher latitudes, where hydrological variations related to precipitation may be a more limiting factor when compared with temperature. Of course, the procedure proposed to identify the most important factors in determining the occurrence of individual freshwater fishes should be managed with caution. The provided results are not only limited by potential errors in the number and characteristics of the used environmental variables (Van Neil et al. 2004) , the existence of false presence records (Tyre et al. 2003) or survey biases (Pelayo-Villamil et al. 2015) , but also by the lack of consideration of the historical biogeography of the species (Wiens and Donoghue 2004) or species interactions (Gonzá lez-Salazara et al. 2013). However, in spite of this, our findings clearly suggest that different predictors can be detected as relevant at different scales. This fact has important implications for studies about SDMs and ENMs, for which predictor selection is an important issue affecting models' predictive ability (Austin 2007) . We suggest when modeling species distribution, that careful attention should be paid to the selection of the extent used to estimate the SDMs and ENMs as previously suggested (Barve et al. 2011; Acevedo et al. 2012) , and that a single set of predictors for each species should not be used, but instead different predictors and predictor functions for each region where the species is present (Mcnew et al. 2013 ). These are not new issues and we are aware of how its consideration complicates the building of models capable of providing reliable estimations of species distributions. How to select the most appropriate extent for each species, and how to manage the variation in the parameters of the environmental predictors obtained at different extents to generate reliable regional predictions are key issues to address (see, e.g., Suá rez- Seoane et al. 2014) . Be that as it may, modelers should justify how they have managed these 2 questions or why it has not done so. 
